Detection of high-impact variants on lipid traits is complicated by complex genetic architecture. Although genome-wide association studies (GWAS) successfully identified many novel genes associated with lipid traits, it was less successful in identifying variants with a large impact on the phenotype. This is not unexpected, as the more common variants detectable by GWAS typically have small effects. The availability of large familial datasets and sequence data has changed the paradigm for successful genomic discovery of the novel genes and pathogenic variants underlying lipid disorders.
INTRODUCTION
Hyperlipidemia, defined as elevated LDL cholesterol or high triglycerides (TG), is a major health concern because it is associated with, and may cause, cardiovascular disease (CVD). Current treatments shown to lower the risk of CVD include statins, which reduce the level of circulating LDL, and fibrates, which decrease triglyceride level and increase beneficial HDL cholesterol levels [1] . These treatments target different biological pathways: statins target cholesterol synthesis in the liver, and fibrates alter the expression of several genes related to the synthesis of triglycerides and HDL [2, 3] . Unfortunately, these treatments are far from perfect: a wide range of sideeffects frequently leads to noncompliance [4] . Treatments targeting other pathways or genes may reduce the complications and the health burdens associated with hyperlipidemia [5, 6] . Clinical trials are currently underway, targeting the known underlying genes (e.g., APOB, APOC3, and APOE) and newly discovered genes (i.e., PCSK9) [5] . Discovery of additional genes underlying hyperlipidemias may lead to such treatment opportunities.
PREVIOUSLY DISCOVERED GENES
Discovery of genes and causal variants underlying hyperlipidemias proceeded via biochemical assays, linkage analysis, and gene sequencing. The first evidence that lipid levels are heritable came from the segregation studies of familial hyperlipidemias, including familial hypercholesterolemia, familial hypertriglyceridemia (FHTG), and familial combined hyperlipidemia (FCHL) [7] . Subsequent biochemical assays identified low-affinity binding by a Department of Medicine (Medical Genetics) and b Department of Genome Sciences, University of Washington, Seattle, Seattle, Washington, USA LDL receptor as a cause of familial hypercholesterolemia [8] , implicating mutations in the gene for the LDL receptor, LDLR. In-vitro assays of binding also showed that some LDL particles had lower affinity of binding to their receptors, implicating the apoB-100 particle on the surface of LDL, the major ligand for the LDL receptor [9] . Linkage studies implicated the APOC3 region with familial lipid disorders [10, 11] as well as triglycerides and the APOC2/APOE/APOC1/ APOC4 gene region on chromosome 19 [12] . Linkage analysis followed by gene sequencing confirmed the segregation of familial hypercholesterolemia with a novel variant in PCSK9 [13] . Meta-analysis of APOE in multiple populations confirmed its association with lipid levels [14] . Comparative sequencing followed by association studies in humans showed that APOA5 contributes to triglyceride levels [15] . These studies, and others, have clearly shown that hyperlipidemia is a genetically heterogeneous trait (including several genes not listed here) affected by several biological pathways [16] .
Successful gene discovery in Mendelian disorders has accelerated because of the advent of exome and genome sequencing. The Centers for Mendelian Genomics have identified dozens of causal variants in novel genes since 2012 (www.mendelian.org/Pub lications; http://data.mendelian.org/CMG/). However, discovery of genes with large impact on complex traits, such as lipid levels, has not been as successful because of the difficulty applying traditional analysis methods to these traits.
The complex patterns of inheritance in populations can result from genetic heterogeneity, including multiple variants with large or small effects at one or more genes, incomplete or agedependent penetrance, environmental effects, and interactions among these. Sampling single families, which have fewer segregating variants, can alleviate some of this complexity. However, inheritance in families can also appear complex because of ascertainment bias and pleiotropy. For example, FCHL, formerly proposed to be Mendelian and characterized by both high LDL and high triglycerides segregating within a family, often appears to be due to regional multilocus variation, rather than a singlegene disorder [7, 17] .
STATISTICAL GENETICS APPROACHES TO COMPLEX TRAITS
Both population-based and family-based methods have been developed to tackle complex traits. Early genome-wide association studies (GWAS) on population-based samples successfully identified many variants of modest effect size underlying lipid traits [18] . However, as expected, fewer novel loci have been detected over time with this strategy. In order to detect novel loci, researchers have used metaanalysis and datasets including massive numbers of individuals and variants (n > 100K), so as to overpower these underlying complex factors with sheer numbers. In this way, a weak signal from less-frequent variants of small effect size can be detected [19 & ,20 && ]. This approach often detects singlenucleotide variants (SNVs) near or within the genes already known to influence the trait and provide supportive evidence for candidate genes. Less frequently, some novel and candidate loci with small effect sizes have been identified for lipid traits [18,20 && ,21] . Custom arrays with additional SNVs in genes of interest have also detected both novelassociated SNVs in known and new lipid genes [22] .
Advancements in GWAS methods improved the power to detect novel loci and variants within known genes. For example, using novel lipid traits or underrepresented populations and allowing for pleiotropic effects have successfully identified novel loci [18,23,24 & , [25] [26] [27] . Often, the most highly associated SNVs do not have a direct effect, but mark a region containing causal variation. These regions generally contain several genes, requiring fine sequencing, additional samples, and animal and cell models to pinpoint the likely causal variants or genes [18, 21, [28] [29] [30] [31] . Methods incorporating genome annotations within GWAS in order to prioritize variants is an active area of research [32 && ]. Linkage analysis is an alternative approach better suited to detecting novel loci with larger effect sizes through the incorporation of family data. Initially, linkage analysis was used for traits with a known Mendelian mode of inheritance. In the case of complex traits, larger sample sizes are needed for adequate statistical power. Linkage analysis using large families (20 < n < 40) has successfully localized KEY POINTS Linkage analysis in large families, including nextgeneration sequencing data, is an efficient method to detect high-impact variants in complex traits such as hyperlipidemia.
Performing population-based studies after detecting high-impact variants in family-based studies is a statistically powerful strategy to identify and validate novel genes associated with complex traits, such as hyperlipidemia.
Unified linkage and association methods which incorporate variant annotation and expression data are critical to the analysis of next-generation sequence data for both population and family based studies.
Mendelian genes that account for some familial, early-onset versions of several complex traits, including breast cancer [33] , atherosclerosis [34 & ], and metabolic syndrome [35 & ]. Although larger families are more difficult to ascertain than smaller families, the analysis of lipid traits has an advantage: blood draws and lipid tests are part of routine medical workups, increasing the accessibility of the phenotype and the ability to identify extreme observations in health record data. Furthermore, the phenotype protocol tends to be the same within families at the same care provider, creating uniformity that is often lacking in meta-analysis.
Analysis of larger families (n > 40 or larger, depending on trait and family structure) may prove to be a more efficient way to discover new genes underlying complex traits, particularly those with variants of larger effect sizes [17, 36, 37] . By focusing on one large family, both the potential number of underlying loci and the complexity of the mode of inheritance are dramatically reduced, as long as the trait is correctly adjusted for ascertainment and environmental variables. In contrast, multiple unrelated families or individuals may exhibit similar phenotypes but have disparate underlying causes, reducing the power to detect any single locus [38 & ]. Furthermore, the information gleaned from each individual within a large family, particularly the phase of the markers or haplotypes, is, on average, greater than those from small families or populationbased data, allowing for an overall smaller sample size [39] . Although large samples of smaller families have also proven successful in detecting novel loci with linkage analysis [40] , subsequent sequencing is more challenging in these cohorts because of the large numbers of unrelated individuals and the reduced probability of observing the same variant multiple times. Finally, if the family segregates extreme values, then it is likely that the underlying allele(s) are coding changes within the exome.
Linkage analysis of large families is increasingly feasible with advances in the speed and affordability of powerful computers. Parametric linkage analysis of very large families may still be unrealistic. Luckily, there are several model-free linkage methods that can be employed in the analysis for large pedigrees, such as variance components and inheritance-by-descent methods [41] [42] [43] . Bayesian oligogenic linkage analysis methods, although not model free, allow for a large range of models and have been successful [17, 44] .
LINKAGE ANALYSIS NARROWS THE GENOMIC SPACE
When a major gene for a trait does exist, linkage analyses may substantially reduce the region of interest from the entire genome to subsets of chromosomes. However, because of the limits of recombination within even large families, linkage detects large regions of interest, containing potentially hundreds of genes. For example, regions on both chromosomes 7 and 17, containing 215 and 78 genes, respectively, were found to be linked to hypertriglyceridemia [17] , 143 genes on chromosome 19 were found to be in linkage with phospholipid transfer protein activity [45] , and 276 genes on chromosome 4 were found to be in linkage with apoB levels in FCHL families [46] . These regions are a small fraction of the genome, but prohibitively expensive to Sanger sequence.
The advent of affordable and fast exome and whole-genome sequence data allows for the rapid identification of potentially causative variants within these linkage regions. In some cases, using a filtering approach to identify shared rare exon sequence variants can detect causal variants without performing linkage, a priori [47] [48] [49] . However this strategy can miss relevant variants because of incomplete penetrance and genetic heterogeneity. Furthermore, given that the mode of inheritance is likely unknown, all regions of interest should be queried, and not just those with the highest in-silico significance, as a mismatched trait model can lead investigators astray [17, 50] .
VARIANT PRIORITIZATION
Even when a linkage region is known, choosing relevant sequence variants remains a challenge. Restricting analysis to one large family segregating an extreme trait allows one to focus on rare variation, which is more likely to have larger effect sizes than common variants [50] [51] [52] . Furthermore, single large families allow for multiple observations of a rare variant underlying the linkage signal, so that the association with the trait can be tested and the effect size estimated.
Most variant filtering methods use a stepwise approach in which allele frequency, coding effect, tissue expression, evolutionary conservation, and predicted damaging effect are considered [53] [54] [55] [56] . Newer methods, such as combined annotationdependent depletion (CADD) [57] . Create a summary score based on a model composed of these correlated factors. Alternatively, if the underlying mode of inheritance is known, an overall test incorporating both a logarithm of the odds ratio score and variant annotation can be applied using pedigree Variant Annotation, Analysis and Search Tool [58 && ]. The genic intolerance score, which uses sequence variation in large publicly available datasets to prioritize genes using allele frequencies in a more nuanced way [59] , may also be used to determine which variants are most interesting in a specific gene of interest.
As variant databases improve, variant novelty will not be a reliable factor in predicting a pathogenic variant, particularly for adult-onset complex traits. Rather, researchers will need to rely on allele frequency estimates from large populations of varying ancestry and ascertainment, such as the 1000 genomes project, the National Heart, Lung, and Blood Institute Exome Sequencing Project (ESP; evs.gs.washington.edu/EVS/), the UK10K project (www.uk10k.org/), and the Alzheimer's Disease Sequencing Project (www.niagads.org/adsp/content/home). However, the phenotypic data available vary across these studies, making true 'control' datasets elusive for many traits. Furthermore, researchers should not remove highly conserved synonymous SNVs from consideration, a priori, as these SNVs may have a functional role in disease [60] . Similarly, the possibility that a noncoding variant may influence the transcription of nearby genes should be considered [21, 61, 62] .
VALIDATION
Given a statistically significant variant that explains all or some of the linkage signal in the family and is, thus, the putative causative variant, validation is still necessary. However, we have begun with the premise that the family carries an extremely rare or novel variant, so that we would not expect to find the same variant with any frequency in other datasets. One possible approach is to identify other families segregating the same or, more likely, another variant in the same gene. Alternatively, the aforementioned datasets of unrelated individuals with sequence data can be used to validate an association of the trait and multiple rare, highimpact (e.g., coding changes with high conservation) variants in the gene [17, [63] [64] [65] . As the number of tests is reduced to variants at one or a few genes, rather than the whole genome, there are fewer contrasts and thus more statistical power. In addition, the power to detect association with common SNVs of lower effect size is still reasonable in a relatively small sample (n < 3000). As with any candidate gene or variant, experimental evidence using appropriate model organisms is imperative to definitively assign causality and to understand the role of the gene in relevant biological pathways [66 && ].
FUTURE INVESTMENT IN METHODS
Resources must be made available for data analysis to sustain gene discovery and functional assessment. Rich phenotype, genotype, and sequence databases on large families currently exist [67] [68] [69] , including large families with hyperlipidemia under study at several institutions [7, [70] [71] [72] [73] [74] . Within this flood of data, there are many linkage and association signals to pursue and opportunities to improve public health using the currently available methods [50] . Increasingly, other types of data are being measured, such as methylation, RNA expression, isoform abundance within different tissues, and protein interaction networks [75] [76] [77] [78] [79] [80] 81 & ], which can help prioritize genes and variants. As technology becomes cheaper and faster, analysis becomes the bottleneck. Consideration of what data are most likely to yield in high-impact results is of utmost importance as we consider rich new datasets using established or novel methods. Clearly, multidisciplinary teams of statisticians, biologists, chemists, and clinicians will be needed to identify the genes for hyperlipidemia.
CONCLUSION
Detection of novel genes that influence disease and related traits is integral to developing better models and treatments for disease. The advent of fast and cheap sequencing has opened up vast possibilities. Although large population-based studies have the appeal of relatively quick and easy analysis methods, compared with family-based studies, they may not be as efficient for detecting novel genes. Familybased studies can be more fruitful with much smaller sample sizes (100's vs. 100K). In addition, the analysis of family data to discover health-related genetic variation allows the researchers to maintain statistical power when transitioning to validation in the population-based setting.
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